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Sparse representation with spike convolutional neural networks for scene
classification of remote sensing images of high resolution

ZHANG Zhe-yi, CAO Wei-hua', ZHU Rui, HU Wen-kai, WU Min

(1. School of Automation, China University of Geosciences, Wuhan 430074, China; 2. Hubei Key Laboratory of
Advanced Control and Intelligent Automation for Complex Systems, Wuhan 430074, China; 3. Engineering Research
Center of Intelligent Technology for Geo-Exploration, Ministry of Education, Wuhan 430074, China)

Abstract: Remote sensing imagery scene classification is of great significance to land resource management. However,
the distribution of ground objects in remote sensing images of high spatial resolution (HSR) is complex, and there is
redundant information irrelevant to the current scene in the images, which will affect the accurate classification of the
scene. To solve this problem, a scene classification method based on the spike convolutional neural network (SCNN)
is proposed. From the perspective of sparse representation, the SCNN is designed based on the sparse spike output
characteristics of spike neurons to remove the redundant information irrelevant to the scene in remote sensing images
and realize sparse representation of images. A backpropagation algorithm based on the spike output cross entropy loss
function is proposed. Based on this algorithm, the SCNN is trained by gradient descent, and the network parameters are
optimized to realize scene classification of remote sensing images. The validity of the proposed method is verified by
experiments, where the proposed method is applied to two remote sensing imagery datasets, namely, Google and UCM,
and compared with the traditional convolutional neural network (CNN). Experimental results show that the proposed
method is able to perform sparse representation of remote sensing images and realize scene classification; and compared
with CNN, the proposed method shows better performance in the remote sensing imagery scene classification task.

Keywords: HSR remote sensing images; scene classification; sparse representation; spike convolutional neural network
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